BIO2010 put forth the goal of improving the mathematical educational background of biology students. The analysis and interpretation of microarray high-dimensional data can be very challenging and is best done by a statistician and a biologist working and teaching in a collaborative manner. We set up such a collaboration and designed a course on microarray data analysis. We started using Genome Consortium for Active Teaching (GCAT) materials and Microarray Genome and Clustering Tool software and added R statistical software along with Bioconductor packages. In response to student feedback, one microarray data set was fully analyzed in class, starting from preprocessing to gene discovery to pathway analysis using the latter software. A class project was to conduct a similar analysis where students analyzed their own data or data from a published journal paper. This exercise showed the impact that filtering, preprocessing, and different normalization methods had on gene inclusion in the final data set. We conclude that this course achieved its goals to equip students with skills to analyze data from a microarray experiment. We offer our insight about collaborative teaching as well as how other faculty might design and implement a similar interdisciplinary course.
INTRODUCTION

Interdisciplinary Mathematics and Biology Education
quote Galileo who wrote that "the book of nature is written in the language of mathematics" and suggest that biologists must become "conversant not only with the language of biology but also with the languages of mathematics, computation, and the physical sciences." We set as a goal to integrate mathematical and statistical concepts into a microarray data analysis course. Analysis of high-dimensional microarray data can be challenging to biologists, especially if they do not have a strong statistical background. In contrast, statisticians often find themselves analyzing biological systems with which they are unfamiliar and with which they have not been trained to interpret. A more ideal system is for the statistician and biologist to jointly analyze the data and transfer their expertise to students. A wet lab microarray course had been taught previously at Rochester Institute of Technology (RIT), and students were undertaking undergraduate research projects using microarrays. Individual independent research projects in which students analyzed a microarray data set using R and Bioconductor had been done. As more students generated microarray data sets and students learned in their course work about the power of microarray analysis, a need arose for a microarray data analysis course. This report discusses how we organized such a course and what we learned from teaching it. We feel that one of the reasons the course was successful was that we had previously established a successful collaboration. We met when Dr. Evans was teaching courses where students generated microarray data and Dr. Tra was teaching courses in statistical data analysis and found that we had a common interest. Initially, students consulted with each of us individually, but we soon realized that more progress would be made if we jointly advised students. The idea to teach a microarray data analysis course where interested students could cooperatively learn how to analyze and interpret microarray data was suggested, and the course described here was the result. Because many biology students are resistant to taking anything beyond the required courses in mathematics and statistics, we focused our course on goals that students had articulated to us.
Many students at RIT are doing undergraduate research projects with microarrays, and these students want to analyze and interpret their data sets. Other students learned about the "microarray revolution" and wanted to be able to use this technology in their future careers. The specific focus of the Microarray Data Analysis course was to help prepare students for careers and graduate study in the biological and mathematical fields as well as to teach students how to analyze data from their undergraduate research projects and other data sets, "mine" the data, and design future experiments. Student-based inquiry was used. Allowing students to choose their projects, analyze, and draw conclusions from their chosen data sets led to student ownership of the course and facilitated active learning. This course also was aimed at fostering and attaining some of the goals articulated in BIO2010 such as an increased emphasis on integrating mathematics and statistics in the biology curricula.
Microarray Technology
The sequencing of whole genomes has changed the research direction in biological sciences and led to the microarray revolution (Butte, 2002 , more interdisciplinary courses need to be offered. Microarray techniques are extremely noise-prone, subject to bias in the biological measurement, or both, and a major research area in computational biology involves developing statistical tools to separate signal from noise. The analysis of DNA microarray data requires preprocessing of the data, including quality-control analysis and normalization. Normalization is the first transformation applied to the data expression to adjust the individual hybridization intensities. The goal is to balance the intensities appropriately so that meaningful comparisons can be made. The reasons for normalizing the data includes unequal quantities of starting RNA, differences in labeling or detection efficiencies between the fluorescent dyes used, and systematic biases in the measured expression levels. Unwanted imbalance may also come from dye degradation (Fare et al., 2003) due to high ozone concentrations. Often the microarray experiments were performed with a small number of biological replicates, and this presented problems for detecting differentially expressed genes while avoiding concomitant high false positive rates (Wei et al., 2004) . All of these factors presented an opportunity to teach a course in which students learned and used statistical methods to overcome the problems inherent in microarray experiments and then extracted the important information that can be obtained using microarray technology.
Microarray Data Analysis Course: Building on GCAT
The idea of using DNA microarray experiments to teach genomics, computational biology, and bioinformatics concepts for undergraduate researchers started in 1998 when Pat Brown spoke at the American Society for Cell Biology meeting and introduced the audience to the power of mi- The course was intended to familiarize the students with these advanced methodologies and provide hands-on training on the latest analytical approaches. Students had the opportunity to use real biological data and statistics in biology and were introduced to advanced statistical methodologies and software tools for analyzing and managing microarray data. We think that it is an important part of the training of every student in the biological sciences. This is an area where statistics can be relevant and accessible ( (Hake, 1998) . The activities were designed to develop creative thinking, collaborative problem-solving skills, innovation, and the ability to use technology resources to accomplish assigned projects and goals.
Active learning, collaborative work, and use of interactive computer modules were part of the recommendations from expert panels to improve science education (Handelsman et al., 2004; DiCarlo, 2006) . These recommendations were incorporated into our course. The purpose and goals of the course were to 1) produce and understand a microarray experiment by doing a "wet lab" (see link in day 2 in online dynamic calendar at http://people.rit.edu/ϳyvtsma/index.html); 2) inquire and conduct image analysis with MAGIC or ScanAlyze software (http://rana.lbl.gov/EisenSoftware.htm); 3) organize and import data into R, a statistical software for computing and graphics, for preprocessing, background correction, and normalization; 4) construct data visualization plots; 5) assess statistically significant genes that were "outliers" and thus were over-or underexpressed; 6) incorporate higher-level analysis (Pathway Analysis); 7) read journal papers in which microarray technology and analysis are discussed; and 8) do a project involving analysis of microarray data.
MATERIALS AND METHODS
Course Implementation
Initially, the targeted audiences were third-and fourth-year students from the following disciplines: biology, bioinformatics, biotechnology, biochemistry, biomedical sciences, mathematics, and statistics. The course was opened to any student in related disciplines interested in the subject. It was offered as an elective (four credit hours) and listed as special topics under interdisciplinary sciences. The maximum number of students allowed to register was 10. It was advertised with a flyer weeks ahead of registration to attract many students. A presentation of the course was also done for the math club. The goal was to draw undergraduate students from different disciplines to be trained in the analysis of the data from microarray technology and to be knowledgeable about high-dimensional biology data analysis. Two prerequisites were required to take the class: General Biology or Intro to Biology, and Data Analysis I or its equivalent.
Course Description
No textbook was required. To prepare for the class, reading assignments covering the topic of the day were posted online in a dynamic calendar available at http://people.rit. edu/ϳyvtsma/indexm.html where downloadable labs and practicals are also provided as resources. The course was a 10-wk quarter, taught in a team spirit interdisciplinary approach by two instructors, one instructor with expertise in biology and the other instructor with experience in statistics. These courses are encouraged by the respective departments involved. Whenever biological content and understanding were required, the biologist led the teaching and discussion. The statistical materials were taught by the statistician. Both instructors received the same amount of credit for teaching the course. Following are examples of the team-teaching approach; both instructors were present at all class sessions. During the first 2 wk, the biologist instructor introduced gene expression studies, microarray technology and platforms, and the biological aspects of microarrays, and conducted a wet lab microarray experiment with the students. Data were collected. The results of the experiment were used to illustrate the concept of technical versus biological replicates and the need to transform the data into a ratio for finding differentially expressed genes. Discussion on this topic and the data analysis were led by the statistician in-structor. The topic on assessing differential expression of cDNA data was illustrated by the Apolipoproteins A-I experiment. The data were from a study of lipid metabolism by Callow et al. (2000) . The biologist instructor first explained the use of gene knockout experiments for analyzing specific gene functions. Next, the statistician instructor taught the students how to write a design matrix, normalize the data, and fit a linear model. There were three scientific paper review take-home readings and summary writing ( Table 1) . Two of the papers addressed the statistical aspects of microarray data. For each paper, a group of students was assigned to do a summary in-class presentation of the paper's major take-home message, followed by a discussion led by either instructor, depending on the paper content. The third and fourth week were devoted to learning the software MAGIC developed at Davidson College by Laurie Heyer and her undergraduate students. The students were able to practice and apply (as part of a daily assignment) the various steps of analysis of microarray data (Figure 1) .
Due to MAGIC's current limitations for preprocessing data as well as analysis and comparisons of a significant number of replicates, the last 7 wk were dedicated to learning the software R, a statistical software for computing and graphics. The intent was to acquaint the students with this widely used software and to present some of the important low-level analysis such as normalization and quality control involving preprocessing and flagging data as well as advanced methodology (pathway analysis). Each 2-h class session was a mix of lecture and hands-on activities (Table 2; The gene set enrichment and the pathway analysis were only taught for Affymetrix microarrays by using the available Kyoto Encyclopedia for Genes and Genomes repository (Kanehisa and Goto, 2000).
Student Assessment
Student performance was assessed in three different ways: 1) computer-based labs that were turned in for grading; 2) homework, including summaries of journal papers; and 3) a group project. For the first two assignments, the students were allowed to work in a team of two or three. However, each student was responsible for his or her own writing. Grading was weighted as follows: daily assignments (35%), homework (35%), and project and presentation (30%) (specific in-class routines are given in Table 2 ).
For the daily computer lab, the focus was on the practical side of gene expression data analysis. After each lecture and practice session, each student worked on a computer lab assignment based on the topic covered that day. If not completed, the student was allowed to continue outside class time and turn in the assignment at the following class. A daily computer lab included a short report, program scripts, answers to the questions, and corresponding required plots. Three homework assignments were required for the quarter. Each student worked on an end-of-term group project of his or her choice. Each group had an in-class presentation of the project the last day of class. Project topics were taken from Microarray Gene Expression Data (www.mged.org) and accepted public microarray data repositories such as ArrayExpress (Brazma et al., 2003) . Two of seven students in the class were student researchers who used the data set they produced from microarrays made in their lab. Guidelines on report content and structure were posted online as well as a grading rubric (Table 3) for the PowerPoint presentation.
Course Assessment
A midterm anonymous online student clipboard survey (an online survey creation tool for faculty and staff at RIT) was conducted to collect student feedback. There were 19 questions, 12 of which were on a 1-to 5-point Likert scale. The students were asked to reflect on course objectives, content, course design, and assignments and were asked for sugges- 
RESULTS
Student Enrollment and Outcomes
The class was composed of four biotechnology majors, two biology majors, and one biotechnology/bioinformatics option major. They were all in their third or fourth year of study. One student from another discipline dropped the class. He was afraid of not doing well based on poor knowledge of biology. This course does indeed require a background in biology and statistics as stated in the course prerequisite. We felt this student could have continued in the course and done well, but the student opted to withdraw.
Students' Assessment Results
The computer labs were designed in a guided manner through which each step of programming and statistical analysis, including the rationale, was explained progressively. Questions were embedded in the labs. A few advanced statistical analysis assignments were presented such as permutation testing for finding enriched pathways. The homework was built with the same structure, summarizing several topics addressed in the labs. The class average for the daily computer labs was 85%, whereas for the homework it was 80%. The difference showed the effect of interaction between the students and the instructors. In-class help was available and reinforced the lecture. It also reflected the level of difficulty of the assignment. The labs contained drill and practice questions assessing knowledge, comprehension, and application, whereas the homework had additional critical-thinking questions involving synthesis, analysis, and evaluation (Bloom, 1956 ). Students' projects were graded based on a rubric (Table 3 ) and grades were posted in mycourses, the RIT online course management system. Each component was assigned a maximum of 5 points for a total score of 60 points. Projects were done in groups of two or three, to facilitate collaborative learning, although several students opted to work individually. Each group or individual wrote a paper and also gave an oral presentation. Results showed that three of the projects were judged proficient and four were exemplary. These data indicate that the majority of students were competent and demonstrated evidence of ad- Describe the data set and the data collection without details.
Forget to describe the data set and/or the data collection. 
Methods of analysis
Course Assessment Results
Likert scale questions were used for 12 questions of the midterm survey. Average ratings and related SD for each question were computed (Table 4) . Students agreed that course objectives were clear (average rating 4.14) and relevant to their future job interest (average rating 4). The quality of content and activity were rated high, with an average rating of 4.29 (engaging). We had high expectations at the beginning of the course. The below-average (2.29) students' rating of the course design and flexibility suggested a need for adjustment to the students' level of comfort and speed. We recognized that the course was structured in 10 wk with different activities in such a way that there was no room for adjustment. We then tried to accommodate the students and gave extensions when the daily lab work was not completed. Regarding activities being helpful, the average rating was 3.28, whereas being ample enough to reinforce understanding was 4.28. The average number of hours to complete an assignment (daily computer lab not done in class) and homework was 2 h. Although six of the students had previously taken a computer programming course, learning and writing programs in R was a challenge. One of the student comments was "The course is hard because it involves programming and statistics. It was harder than I thought, but I'm having fun learning about it. I wouldn't recommend taking more than one higher-level course if people decide to enroll in this class because there's just too much work needing to be done outside class. Perhaps fewer materials should be covered with extra time on the programming aspect."
Overall, the small average rating SD suggests that there is a consensus on the students' opinions on each question. The course evaluation (Table 5) showed that five of seven students always attended class. The majority spent between 10 and 15 h a week (outside of class time) on this course. When asked "How much did you learn in this course?," one student responded a moderate amount, three responded a lot, and three responded an exceptional amount. In the BIO2010 report, Richard Feynman quoted ". . . The best teaching can only be done when there is a direct individual relationship between a student and a good teacher . . . . It's impossible to learn very much by sitting in a lecture . . ." To the question "It was evident that the instructor encouraged student involvement" five students agreed and two strongly agreed. Based on overall learning experience, six of seven students would recommend the instructors to others.
Lessons Learned
We believe that the daily activities (practical session and in-class computer lab assignments) contributed the most to student learning. The students were able to apply the methods appropriate for their project. The other thing that contributed to individualized student learning was the writing of a rough draft of the project. By looking over and critiquing a student's rough draft, we were able to lead the student in the right direction and correct any misunderstandings. As a result, the student got the chance to modify his or her research question. During the 10-wk instruction, the biologist instructor was responsible for 3 wk of materials and participated (for the 7 wk left) in class discussion related to her expertise. One of the advantages of team-teaching is the complementarities of expertise provided to the students for each covered topic. As a team, course objectives, sequence of topics, and materials to be covered were set together. The instructors deepened their friendship and collegiality through their shared responsibility. In the midterm survey, one student requested a full analysis of a data set and when other students agreed that this would strengthen their understanding, we implemented such a complete analysis. The quality of learning was enhanced as a result of these changes. Due to different student backgrounds and abilities, we realized that the majority of the students were not able to finish the computer lab assignment in class; as a result, the due date for the computer lab assignment was changed to the next class period. Student comments from the final week survey were constructive. Representative comments are listed below.
"Assignments are a lot. Every class, we have a lab report due and normally the students can't finish the lab on time. We also have practices and they were done in class, but sometimes students do not really understand the practices, which makes it harder to do the lab afterward. 
DISCUSSION AND CONCLUSIONS
Reflections on a Cross-Disciplinary Team
There were two challenges we faced while working as a cross-disciplinary team. The first challenge was the time invested in acquiring knowledge of the subject and research culture of the unfamiliar discipline. The culture, way of thinking, and problem-solving approach differed between the disciplines of mathematics and biology. These differences affected (positively and negatively) the collaboration. The language and the background were different. The work of one discipline implied certain conclusions that could be drawn, but the other discipline felt such conclusions might not be acceptable because they neglected to address a critical dimension of the problem. The second challenge was acquiring a collaborative attitude. Good communication, willingness to try to understand another point of view, and respect for each other's expertise were the keys to success. A lot of education took place to the benefit of both parties. The following example illustrates the differences between how a statistician and a biologist evaluate microarray data. When a statistician compares two conditions (treatment vs. control), a gene is differentially expressed if its expression level changes systematically, confirmed by a small p-value, regardless of the magnitude of the difference. A test statistic determines the change in gene expression relative to the underlying noise in the gene. Taking variability into account is important. For a biologist, the magnitude of the difference is important. Typically, a twofold change or more is what is further studied. A fold-change is defined in two ways in the literature: as the ratio of the mean control and mean treatment observations and as the difference of the mean log control and mean log treatment data. This biological consideration looks at an absolute change in gene expression, ignoring noise. The difference between the two languages for the same goal is obvious. Mathematicians were trained to give precision and rigor to the concepts and results. Biologists knew the biological system of interest and wanted to investigate and confirm the microarray results using other methods such as real-time reverse transcriptase-polymerase chain reaction. Further biological investigation was difficult if the observed changes in gene expression were small. The biologist also wanted to incorporate the findings into what was already known and was sometimes uncomfortable with small fold-changes even if they were very significant statistically. Discussions between the statistician and the biologist would ensue about what results should be emphasized. In this back-and forth encounter, progress was possible. In the end, both sides agreed that both p-value and fold-change are important to determine differential gene expression. Both criteria can be used in designing future experimentation. Furthermore, each side was able to develop some tolerance for trying to understand an unfamiliar field and point of view and expressed respect for the other culture. For example, when the arrays did not have good quality based on diagnostic plots, more arrays were produced until a good set was obtained. Trust was essential when the results were not as expected. Efforts were made to understand each other's expertise and point of view to make sense of what was found.
Advice for Instructors Wishing to Teach a Similar Course
A course such as this could be implemented readily in other settings as an upper-division elective course. From our experience, we suggest that the course be elective and not required so that students self-select to take the course. Students need to be comfortable with computers and familiar with using computer programs. Students at RIT in the bioinformatics program had the background to do well in the course as did the biotechnology and biology students. These students were using microarrays in their classes or in their undergraduate research projects. Instructors would have to modify the course if it were taught to a less motivated and/or more general audience. The instructors also would have to decide on what tools to use for the analysis. The R and BioConductor software used in this pilot course are challenging and represent state-of-the-art technology. The different available packages allowed students to look at the data from several points of view and to apply the statistical method in the related package. There are journals that require investigators to make their original data sets available on a website. Links for these websites are provided in our online course calendar. Open source software packages such as R, Bioconductor, and MAGIC are widely available as well as tutorials for using them. With these resources, it should be possible for a course like the course described above to be designed and implemented by other instructors. The benefits of team teaching can be many. The gains outweigh the challenges. The findings stemming from our cross-disciplinary team approach were rewarding academically and personally. We also learned to appreciate the views of the other discipline and enhanced our own understanding of realworld problems. The study of microarrays provides opportunities for the application of mathematical models. The results helped us to think about new perspectives and challenged any incorrect concepts. For the students, the course and related research were a perfect way to introduce them to this team-based approach for their future careers. Communication skills were also gained for all participants.
